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Unique among earth observation programs, the Landsat program has provided 20 continuous earth observation data for the past 41 years. Landsat data are systematically 21 collected and archived following a global acquisition strategy. The provision of robust 22 data products for free since 2008 has spurred a renaissance of interest in Landsat and 23 resulted in an increasingly widespread use of Landsat time series (LTS) for multi-24 temporal characterizations. The science and applications capacity has developed 25 steadily since 1972, with the increase in sophistication offered over time incorporated 26
into Landsat processing and analysis practices. With the successful launch of 27 the continuity of measures at scales of particular relevance to management and 28 scientific activities is ensured in the short term. In particular, forest monitoring benefits 29 from LTS, whereby a baseline of conditions can be interrogated for both abrupt and 30 gradual changes and attributed to different drivers. Such benefits are enabled by data 31 availability, analysis-ready image products, increased computing power and storage, as 32 well as sophisticated image processing approaches. In this review, we present the status 33 of remote sensing of forests and forest dynamics using LTS, including issues related to
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38
Forests are the most widely distributed terrestrial vegetation type, and thus play an 39 important role in providing the environmental context and shaping the dynamics of regional 40 and global ecosystem processes (Wulder, 1998; Westoby, 1989) . Forests are important 41 globally for provision of fiber to meet a range of needs, from local uses such as cooking fuel 42 through to industrial utilization for construction materials. As such, forests play a role in the 43 lives of most people on the planet. It is increasingly understood that forests store large 44 quantities of carbon in both vegetation and soil and also exchange carbon with the 45 atmosphere. The ability to mitigate the impacts of climate change through enhancement of 46 carbon sequestration has been identified (Brown, 1996) . Forests also sustain important 47 functions for a variety of biological processes by cycling nutrients through processes such as 48 decay and tree regeneration (Boring et al., 1981) , provide multiple ecosystem services (e.g., 49 filtration of water, provision of habitat, among others), and protect biodiversity. 50
Forests can be characterized by both their current state and temporal dynamics. Several 51 attributes such as structure and composition describe the state of the forest (Graetz, 1990 ), 52 whilst the manner in which they change over time define their temporal dynamics (Hobbs, 53 1990 ). These dynamics can result from any combination of short-term events (such as 54 droughts), longer-term variability attributable to climate change, and human activities. 55 Indeed, there is an increasing sense of urgency to understand temporal dynamics and 56 resiliency of forest ecosystems in the context of rapid global change (Manning et al., 2009 ). 57
Understanding these temporal dynamics can aid both forest management and policy 58 development . For example, one of the major challenges for successful 59 implementation of the international forest carbon policy, reducing emissions from 60 deforestation and forest degradation, and through conservation, sustainable management of 61 forests and enhancement of forest carbon stocks in developing countries (REDD+), is to 62 estimate national-level net changes in carbon stocks that would occur without policy 63 implementation (De Sy et al., 2012) . Remotely sensed data can potentially address this 64 challenge by providing a means to estimate baseline forest conditions in a spatially explicit 65 manner, departures from which can be employed to assess current and historical trends of 66 deforestation and forest degradation (Baker et al., 2010) 2012), ultimately increasing the opportunity to utilize multi-temporal images representing a 81 period of time, a large spatial area, or both (Hansen and Loveland, 2012) . 82 The availability of large volumes of free Landsat imagery, coupled with advances in 83 image processing methods and computational capacity have stimulated widespread use of 84 Landsat time series (LTS) in many applications including classification and assessment of 85 changes in forested ecosystems (e.g., Kennedy et al., 2007) , prediction of forest biophysical 86 parameters (e.g., Main-Knorn et al., 2013), and assessment of vegetation phenology (e.g., 87 Melaas et al., 2013). To effectively understand how disturbance impacts composition, 88 structure, and function of forests, it is beneficial to quantify disturbances at a time step 89 relevant to the affected processes (for example, annually, Masek et al., 2013 ) and using long-90 term data sets to, as possible, capture instances and trends related to forest disturbances and 91 recovery (Frolking et al., 2009 ). Hence, time series data comprised of image stacks over a 92 longer duration and greater temporal frequency can provide a more comprehensive 93 understanding of the complexity of forest disturbance and dynamics than a pair of Landsat 94 images used in a bi-temporal change detection approach Wulder et al., 95 2012) . Whilst image pairs can inform on a change in state, image stacks and LTS provide 96 information on trends, and can relate continuous and discontinuous changes in both positive 97 (accrual) and negative (depletions) directions (Kennedy et al., 2014) . Data from daily viewing 98 sensors such as MODIS and AVHRR are well suited for time series analyses at regional and 99 global scales, but are less equipped to capture and analyze finer-scale disturbances that are 100 relevant from management and monitoring perspectives (Walker et al., 2012) . The key 101 advantages of Landsat are a spatial resolution that is appropriate for capturing anthropogenic 102 impacts (Townshend and Justice, 1988) , and a temporal dimension that spans more than 40 103 years and enables retrospective analyses and long-term characterization of change (Wulder et 104 al., 2012 are being designed to accommodate some degree of spectral variation or noise in LTS. In the 270 future, such methods may negate the need for radiometric normalization of images in the time 271 series; however the requirements for pre-processing of LTS images ultimately depend on the 272 information need, the target (e.g., forests), and the environment being studied. Increasingly, 273 standardized Landsat data products are being made available as calibrated surface reflectance 274 products, delivered as Climate Data Records (Dwyer et al., 2011) . 275
Radiometric correction 276
Radiometric correction procedures are normally specific to the nature of the radiometric 277 distortions in a given image and typically involve calculating a series of sequential 278 operations, including calibration to radiance or at-satellite reflectance, atmospheric correction 279 or normalization, and may also involve applying bi-directional reflectance distribution (i.e., 280 view angle) normalization, and terrain normalization . Most of the 281 approaches to time-series analysis require that the radiometric differences between images 282 due to the atmosphere be minimal; however, some notable approaches such as those directions. Under the Lambertian assumption, images tend to be over-corrected, with slopes 382 facing away from the sun appearing brighter than sun-facing slopes (Teillet et al., 1982) . The assured without the application of topographic corrections and highly recommended that this 397 step be included in LTS processing protocols in areas with significant variation in terrain. 398
Additional research is needed to determine the impact of topographic correction, or lack 399 thereof, on LTS analysis focusing on different applications and geographical areas. 400
Geometric correction 401
Geometric correction of LTS involves accurate registration and correction of terrain 402 related errors to maintain consistency between image geometry through time. The L1T 403
Landsat product from the USGS archives is an orthorectified product with ≈30 m and ≈50 m 404 geo-location accuracy for the US and Global dataset, respectively, depending upon 405 availability of local ground control points (GCPs), as well as the resolution of the best 406 available DEM (Loveland and Dwyer, 2012 USGS level-1 product has not been studied in detail in the context of LTS application, and 576 the users need to be aware of these limitations. The analysis of long-term trends and variation 577 in the time series are central to the majority of the LTS approaches reviewed in this paper, 578 thus being more robust to slight spectral variation attributable to sensor differences and other 579 uncertainties than single or bi-temporal images based analysis. 580
Approaches for analyzing LTS
581
Conventional methods for analyzing remote sensing data that include one or a small set 582 of imagery are not readily extendable to LTS analysis. Over the past two decades, the remote 583 sensing community has been using time series analysis for studying long-term vegetation 584 dynamics with different global coverage products from daily viewing sensors such as MODIS 585 and AVHRR. These sensors have a high temporal resolution, a low spatial resolution, and a 586 large image footprint. Daily acquisitions from these sensors result in high data densities and 587 concomitant analysis approaches that aim to characterize seasonal and intra-and inter-annual 588 trends (e.g., Eastman and Fulk, 1993) . These types of analyses are generally not well suited to 589 the less dense time series constructed from Landsat, which are constrained by the temporal 590 revisit and historic acquisition characteristics of the Landsat program. 591
Similarly, the analysis method most suited for one LTS application does not necessarily 592 lend itself to other applications. In studies focused on phenology, analysis methods typically 593 concentrate on accurately capturing different seasonal events such as the date of the onset of 594 greenness, the date of leaf senescence, and duration of the growing season from LTS data, 595 whereas the analysis of disturbance dynamics focuses on a set of attributes such as 596 disturbance year, magnitude, and types of disturbance events. Utilizing trajectory-based approaches allows analysts to understand change in more than a 676 binary fashion and does not require an additional analytical stage to produce sets of image 677
classifications. Post-classification change approaches are limited by the accuracy of the 678 classifications being differenced, limiting the effectiveness and reliability of the approach. 679
Trajectory-based approaches, however, call for robust radiometric correction and availability 680 of near anniversary images to minimize false detection of changes due to phenology 681 (although, noting that algorithms such as LandTrendr compensate for this), BRDF, and 682 atmospheric effects. Ideally, trajectory-based approaches also require creation of time series 683 with sufficient image density to capture the disturbances of interest, with complications 684 arising due to cloud cover and sparse historic image coverage for some regions. 685
Threshold-based change detection methods 686
Threshold based change detection methods employ a predetermined threshold value for 687 identifying forested pixels in a time series. A year marked by significant deviation from this 688 threshold value as compared to the preceding year is identified as the year of disturbance. 
